OBJECTIVE: To describe a method to obtain a profile of the duration and intensity (speed) of walking periods over 24 hours in women under free-living conditions. DESIGN: A new method based on accelerometry was designed for analyzing walking activity. In order to take into account interindividual variability of acceleration, an individual calibration process was used. Different experiments were performed to highlight the variability of acceleration vs walking speed relationship, to analyze the speed prediction accuracy of the method, and to test the assessment of walking distance and duration over 24-h. SUBJECTS: Twenty-eight women were studied (mean AE s.d.) age: 39.3 AE 8.9 y; body mass: 79.7 AE 11.1 kg; body height: 162.9 AE 5.4 cm; and body mass index (BMI) 30.0 AE 3.8 kg=m 2 . RESULTS: Accelerometer output was significantly correlated with speed during treadmill walking (r ¼ 0.95, P < 0.01), and short unconstrained walks (r ¼ 0.86, P < 0.01), although with a large inter-individual variation of the regression parameters. By using individual calibration, it was possible to predict walking speed on a standard urban circuit (predicted vs measured r ¼ 0.93, P < 0.01, s.e.e. ¼ 0.51 km=h). In the free-living experiment, women spent on average 79.9 AE 36.0 (range: 31.7 -168.2) min=day in displacement activities, from which discontinuous short walking activities represented about 2=3 and continuous ones 1=3. Total walking distance averaged 2.1 AE 1.2 (range: 0.4 -4.7) km=day. It was performed at an average speed of 5.0 AE 0.5 (range: 4.1 -6.0) km=h. CONCLUSION: An accelerometer measuring the anteroposterior acceleration of the body can estimate walking speed together with the pattern, intensity and duration of daily walking activity.
Introduction
Daily physical activity is generally considered to be of major importance in the etiology, prevention and treatment of various diseases, such as obesity or cardiovascular diseases. 1 -5 The optimal level of daily physical activity to maintain health (or to improve it) remains uncertain. 6 Despite a dramatic increase in mechanization since the early 20th century, which minimized the need for daily exercise related to locomotion, walking remains a common form of routine physical activity for most people, and can produce a substantial part of the total daily energy expenditure (EE). 7, 8 Furthermore, the energy cost of walking is high among standard sedentary activities. 9 For evaluating the activity habits and energy balance of humans, considering walking practice is therefore of crucial importance. In this context, a method designed for analyzing human activities, especially locomotion, would be a useful tool in research as well as in a clinical setting. 10 -12 Many methods exist to obtain an estimate of physical activity: questionnaires; heart-rate monitors; pedometers; radar; and doubly labeled water techniques, but these all have inherent limitations. 13 The accelerometer seems to be one of the best means of measuring physical activity, since it is of small size, light weight and non-invasive. This system provides an objective and direct measurement of the intensity and duration of physical activity. 14 -20 Because the periodic pattern of the gait implies acceleration and deceleration at each step, this particular activity is a good target for accelerometers. Many studies have therefore demonstrated a significant correlation between the accelerometer output and EE during locomotion. 15, 17, 19 However, some limitations have been described (for instance the issue of incline 20 ). Commercial accelerometric devices (Caltrac, Tritrac: Hemokinetics, Madison, WI, USA; Computer Sciences & Applications, Shalimar, FL, USA) have been developed to provide an estimate of EE from acceleration by using a predictive algorithm taking into account different features of the subjects (age, sex, weight, etc). 18 These instruments are primarily aimed to give a global estimation of daily EE; it is therefore difficult with such devices to categorize daily activities to obtain an estimation of the duration of the walking activity.
In our previous studies related to accelerometry and locomotion, 20 -22 we showed that the combination of an altimeter and an accelerometer could be used for predicting walking speed and incline. 21 We also explored the possibility of extracting speed and incline data from a raw accelerometric signal. 22 Up to now, these methods can be applied only for a reduced amount of time (2 -3 h). In this article, we focused on a different aspect, namely the detection of walking periods over 24 h and the speed prediction taking into account inter-individual variability.
The general purpose of this study is to present a new approach in the analysis of accelerometric data for the categorization of walking activities. The later will be quantified in terms of total walking duration and total distance traveled, which is obtained by integrating the estimated walking speed. In addition, we were interested in analyzing not only continuous walking (ie an actual spatial displacement), but also short discontinuous walking bursts that are continuously performed in everyday activities. Indeed, one could wonder whether these short walking periods account for a substantial part of the total daily activity.
Another aspect of our research was to analyze and integrate, in a speed predictive model, the inter-individual variability of the accelerometric data. Indeed, recent studies 20, 21 seemed to demonstrate that the speed=acceleration relationship was very variable among subjects. It was therefore mandatory for a good estimation of walking speed and distance traveled to take into account this variation. We decided to individually calibrate each subject during a short walk test to obtain a predictive algorithm tailored to each person's walking style. Because commercially available accelerometers could not provide raw accelerometric signal and are limited in the sampling rate of measurement, we have used a new instrument, identified as SCAM (self contained activity monitor) based on uniaxial anteroposterior accelerometry. In this article, we present the technical features of the SCAM device and describe the method of analysis for speed prediction and walking detection. Then, the accuracy of the SCAM was tested during a treadmill experiment and the inter-individual variability of the speed=acceleration relationship was analyzed in short-walk experiment. Based on these results, a walking speed prediction model was built and the speed prediction model was tested along a standardized urban circuit. Finally, the daily walking activity patterns of women of various BMI was analyzed.
Material and methods

Overview
Our approach attempts to first categorize the different type of exercise, then to collect information about their intensity and finally, if required, to estimate the EE with an algorithm especially designed for the type of activity. We believe that this approach is more reliable, because a unique 'general' algorithm for predicting EE would be not accurate in every particular situation. 20 In addition, the type of activity constitutes important information in itself. We illustrated the approach applied to walking activity in a comprehensive scheme (Figure 1 ).
The self contained activity monitor (SCAM)
The uniaxial accelerometer (ADXL05, Analog Devices Inc., Norwood, MA, USA) is a complete acceleration sensor measuring from 7 5 to þ 5 g on one axis (anteroposterior). A band-pass filter was designed to select frequencies between 0.2 and 20 Hz. This range includes the frequencies of human Figure 1 Overview of the approach used for physical activity assessment. Gray rectangles and arrows present the successive steps for obtaining walking speed and activity profile. Clear rectangles are subsequent steps to be developed for the categorization of non-walking activities and the prediction of incline and energy expenditure. RMS ¼ root mean square of acceleration signal.
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The data logger (Tattletale Model 5F, Onset Computer Corp., Pocaset, MA, USA) is a small, light, programmable, multi-channel logger with a display. A three button keypad (Start=Stop=End functions) is attached to the front of the logger. There are 480 Kb of RAM available for data storage and 16 Kb for programming. The logger with case is 11.9Â5.8Â2.7 cm and weighs about 215 g.
Calculation of average acceleration
The integral of the absolute value of raw accelerometric signal is the common way to average accelerometric data. 14, 16, 20 We chose a similar way to evaluate acceleration in order to reduce the amount of data to analyze. We used the root mean square (RMS), which is defined by the following equation:
ðxðtÞ À xÞ 2 dt s or for a sampled signal :
This method of analysis was previously proposed by another author. 24 The logger samples accelerometric data at 40 Hz. Each second, a RMS value is calculated (N ¼ 40) and stored in the memory of the logger. Therefore, compared to recording raw signal data, the volume of data is reduced by a factor of 40. However, it allows second by second monitoring of body motion, a performance not reached with most classical activity monitors. The device allows the user to pause the program (stop button) in case the system needs to be removed for bathing, sleeping or other activities. A percentage of activity determined by a fixed threshold of RMS acceleration corresponding to walking activities (see below) can be displayed on-line. There is enough memory in the logger to monitor a subject for up to 95 h at 1 Hz or 570 by averaging over 1 min.
Walking period analysis
The procedure used for the analysis of walking is illustrated in Figure 2 . A 190 min period of a 24 h recording is shown for clearer graphical representation. Before the experiment, the RMS vs walking speed relationship was analyzed with an individual calibration procedure; the subject was asked to walk in a hallway (18 m) at different self-selected speeds ( Figure 2a ). By this mean, the accelerometric data was analyzed individually with an algorithm tailored to the subject. The RMS acceleration threshold corresponding to a walking speed of 3 km=h was calculated (noted as t1, Figure 2a ). An indicative threshold at 7 km=h was also calculated (noted as t2). The RMS 1 Hz accelerometric data ( Figure 2b ) were smoothed for a better graphical display Figure 2c ). The data under t1 threshold were not used in this analysis ( Figure 2c) ; we assumed that they corresponded to inactivity and low intensity activities (see discussion below). By counting the number of samples over t1 level, the total duration of walking activities was then computed. Thereafter, walking periods were split into continuous and discontinuous activities according to duration (see discussion below). RMS signal above t1 for duration greater than or equal to 1 min was recognized by the program as a continuous walking period (indicated by þ sign in Figure 2c ). These periods were extracted and transformed to speed (Figure 2d ) based on the RMS vs speed relationship (Figure 2a) . Total duration of the continuous walking activities was derived from the number of samples. The duration of discontinuous walking activities was the difference between total and continuous walking. The total distance traveled was the integral of walking speed as a function of time calculated by the numeric trapezoidal method. The average speed was the distance divided by the duration of continuous walking activities. Because the duration of the recording was variable among subjects (see complete experimental procedure description below), the results were standardized compared to time and expressed as duration, speed or distance for a complete day (ie 24 h).
Experiments and results
Four different experiments were performed with independent groups of subjects under various conditions: treadmill walking; short unrestrained walking; walking along a standardized urban circuit; and 24 h activity follow-up. Before every experiment, each subject read and signed an informed consent form in accordance with institutional guidelines.
Experiment 1: testing the SCAM during treadmill walking
The specific purpose of this experiment was to demonstrate that the SCAM accelerometer responded to speed variation under controlled laboratory conditions in a comparable manner as other accelerometers.
The subjects were 18 healthy women (age: 22.0 AE 3.3 y; weight: 62.4 AE 10.6 kg; height: 168.1 AE 5.3 cm; and body mass index (BMI): 25.3 AE 4.1 kg=m 2 (mean AE s.d.). Each subject performed five walking exercises on a treadmill at five different speeds (2.0, 2.8, 3.5, 4.3 and 5 km=h) wearing the SCAM activity monitor. Each exercise was performed for 7 min. Five minutes of rest was allowed between each walking speed. Average RMS was calculated for approximately 3 min of each exercise. As shown in Figure 3 , the uniaxial accelerometer output (RMS) increased linearly and was significantly correlated with speed (r 2 ¼ 0.90 P < 0.01) of walking on a treadmill between 2 and 5 km=h.
Experiment 2: analyzing the inter-individual variability of RMS vs speed relationship
This experiment attempted to demonstrate that individual calibration of speed vs RMS is a solution for analyzing accelerometric data, because of the substantial inter-individual variability.
The subjects were 50 healthy women with a large range of BMIs (BMI: 31.4 AE 5.1 kg=m 2 ; age: 36.8 AE 10.8 y; body mass: 84.0 AE 14.8 kg; height: 163.5 AE 6.2 cm; mean AE s.d.). Each subject walked five times along an 18 m flat corridor at various speeds; the subject was asked to bracket her usual speed, from lowest speed to highest speed that she could perform. Speed was calculated by using the duration of the walk (accurately recorded by the SCAM device).
We tested two different methods to analyze speed vs RMS relationship: linear regression and second degree regression (square root of RMS vs speed). Both global data (n ¼ 250) and individual data from each subject (n ¼ 5) were analyzed. As shown in Table 1 and Figure 4 , substantial inter-individual variation of the RMS vs speed relationship was found. Individual regression (N ¼ 5) exhibited a large spread of the slope and the intercept for all models. The standard error of estimate (s.e.e.) of predicted speed in global results (all subjects considered) was substantial (more than 1 km=h), but reduced in individual results (0.15 -0.2 km=h). Individually there was a high significant correlation between RMS 0.5 and walking (average r ¼ 0.991, P < 0.001).
Experiment 3: validation of the speed prediction model In this experiment, the predictive model presented above was tested along a standardized urban circuit. The purpose was to analyze whether short walk calibration procedure (experiment 2) could assess speed under normal walking conditions.
The subjects were six healthy males whose characteristics were (mean AE s.d.): age 25.8 AE 1.7 y; mass 75.8 AE 7.2 kg; . First, the same procedure of speed vs RMS calibration, as described in experiment 2 (five walks of 18 m length), was performed for each subject. Then each subject (wearing a SCAM device) walked an urban circuit (total distance 720 m) at self-selected speeds. Subjects were asked to vary their velocity of walking in order to cover a large range of speeds. The duration of each 30 m portion of the circuit was chronometrically measured.
We tested the best model presented in experiment 2, (second degree interpolation based on individual RMS vs speed regression). The quadratic regression (speed ¼ sloslope Á RMS 0.5 þ intercept) was calculated for each subject based on five different speeds vs RMS values obtained during the calibration process (as illustrated in Figure 1a ). Measured speed was calculated based on the duration to walk through each 30 m portion of the circuit. Estimated speed was calculated on the same time basis using the parameters of the regression obtained from calibration. The regression between measured and estimated speed was computed ( Figure 5 ). The correlation between predicted and measured speed was highly significant (r 2 ¼ 0.87, P < 0.001, N ¼ 144 (six subjects and 24 different speeds corresponding to the 30 m portions of the 720 m circuit). The s.e.e. predicted an error of 0.5 km=h in the speed assessment based on RMS (overall results, N ¼ 144). The linear regression (estimated speed ¼ 1.00 Á measured speed þ 0.15) indicated a slight overestimation of the model as compared to the actual speed. S.e.e. for each subject (N ¼ 24 different speeds) ranged from 0.17 km=h to 0.56 km=h with an average of 0.33 km=h. The Experiment 4: application of the method in a sample of women under free-living conditions. In this experiment, 24 h of RMS acceleration were analyzed under free-living conditions. The purpose was to detect specifically walking activity, to categorize continuous and discontinuous walking, and to estimate average walking duration, walking speed and daily traveled distance. Twenty eight women of various BMI's participated in the experiment. This sample was selected to test whether our method could be applied to normal and obese women; hence, a range of BMI's from 21 to 36 was selected. Subject characteristics were (mean AE s.d., range) age: 39.3 AE 8.9 y, 25 -55; body mass: 79.7 AE 11.1 kg, 49.9 -99.6; body height: 162.9 AE 5.4 cm, 151 -174; BMI: 30.0 AE 3.8 kg=m 2 , 20.8 -35.8. They were healthy with no orthopedic problems and none practiced intense sporting activities. The accelerometer was calibrated on each subject, as explained above (cf. Figure 2a) . Thereafter, they wore the activity monitor during approximately 24 h, coming back to the laboratory on the next day. During sleep, the monitor was switched to pause mode and removed. The recording duration varied from 22 -26 h, because it was not possible for every subject to come back to the laboratory at the same time. Two or three nonconsecutive weekdays were recorded for eight subjects and 20 subjects respectively. Subjects were asked to maintain their usual activities. Table 2 summarizes the results. Substantial inter-individual variability was found for every parameter, except speed, as indicated in the 'range' column; the coefficient of variation (s.d.=meanÂ100) was 54% for the duration of discontinuous walking activities, 64% for the duration of continuous walking activities, 44% for the total walking activities, 57% for the total distance and 10% for the walking speed.
Discussion
The detection of walking The first step of our approach was to detect the walking activity in order to estimate its daily duration. The detection of walking period was based on the intensity of acceleration (RMS) corresponding to 3 km=h and above (Figure 2) . In healthy people, it is very unnatural to walk slower than this threshold and we assumed that people spontaneously select a comfortable pace (4 -6 km=h) even along short distances. In addition, it is likely that slow walking is rather infrequent during the day, and contributes to a limited extent to daily EE. Furthermore, if a subject exhibits a slow preferred speed (for instance in case of severe obesity), it is detected during the calibration procedure and the detection level can be adjusted accordingly.
Our own experience with different activity monitors seemed to indicate that no other routine activity could produce a comparable continuous intensity of RMS acceleration as walking, reducing the risk of misclassification. However, we believe that a detection of walking based on parameters other than RMS intensity, such as the detection of the stride frequency, would constitute a good alternative.
The categorization of walking Bassett et al 25 have found that daily walking distance assessed by a pedometer was three times higher than the value estimated by the College Alumnus Questionnaire (CAQ), which supports the notion that it is difficult to recall the exact amount of time spent walking, especially short walking periods. One could wonder if short erratic periods of displacement account for a substantial part of the total daily activity and form part of the fidgeting syndrome. 9 Consequently, we chose to not only detect the overall walking activity, but also to detect the type of walking (continuous or discontinuous). One minute walking at 5 km=h corresponds to a distance of about 80 m. It was obvious that above such duration, the person was likely to perform a substantial spatial translation; we defined this as continuous (or structured) walking activity. Under this time limit, we assumed that the person walked indoors as a work-or a leisure-related activity, such as going into another room, or roaming in a closed space (for instance during shopping). This was considered as discontinuous (or unstructured) walking activity. This dichotomic approach is also sustained by the notion that short transitory walking periods (few seconds to 1 min) do not necessarily have the same energy cost as steady-state walking. Indeed, the energy of initiating=stopping the movement (including change in posture such as standing or sitting) should be taken into account, but this remains to be investigated.
The daily duration of walking Almeras et al 8 found that sedentary males (N ¼ 8) spend 204 AE 144 min=day in walking by using a 15 min block activity diary method. Because this protocol counts 15 min as 'walking' when this is considered as the major activity of the 15 min period, this value is likely to be overestimated compared to the total walking activity we found, ie 80 AE 36 min. 17 -45) for 'walk for exercise' activity, in 141 women performing more than 30 min of moderate exercise per day. The PA record implies that every activity and its duration is written down by the subject; this result is therefore comparable to the continuous walking duration we measured (27 AE 17 min). The very high inter-individual variability of the daily duration of walking observed in the present study is in agreement with previous studies. This reinforces the idea that it is of major importance to track walking patterns in a population, because it is a very labile activity. Indeed, many factors can influence the walking practices, including job, physical fitness, social context, etc.
Walking EE, walking speed and traveled distance Energy cost of walking is mainly influenced by body mass, speed and incline. In the perspective of monitoring EE related to walking, data should be continuously collected about speed and incline. However, because the inclinewhich is the key factor for EE of locomotion -was not measured in the present study, we chose to calculate only raw parameters (speed, duration and distance), and not to give an uncertain estimate of EE by assuming permanent level walking.
In the present study, it is confirmed that the amplitude of the body's accelerometric signal is directly related to speed (Figures 3 and 4) . Indeed, at each step, walking incurs alternate accelerations=decelerations, whose intensity depends upon speed. The present investigation ( Figure 4 and Table 1 ) confirmed the large inter-individual variation of acceleration while performing the same exercise. The calibration process permitted us to take into account this variability and to obtain a good speed prediction ( Figure 5 ). Despite the fact that s.e.e. of the predicted speed is somehow high (0.3 km=h average individual), the high correlation coefficient (r ¼ 0.96 for average individual), the regression coefficient close to identity (slope ¼ 1.0) and the intercept close to zero (0.15) seemed to indicate that over a long period of level walking the average speed would be adequately evaluated. However, one should be aware that in the present study we did not take into account the slope effect; indeed, it is established that classical accelerometric method for speed prediction is not accurate if variable slope is encountered by the subject. 20, 21, 27 However, the solutions we proposed 21, 22 to solve this issue are not yet applicable to 24 h analysis.
The average walking speed we measured in free-living subjects was 5.0 AE 0.5 km=h (N ¼ 28). Three different articles reported a preferred speed of 4.9 AE 0.6 km=h (N ¼ 42 men), 28 4.4 AE 0.6 km=h (N ¼ 20 women) 29 and 4.3 AE 0.3 km=h (N ¼ 57 obese women), 30 respectively, during short walking tests. It is of course difficult to compare such results obtained under very different conditions in subjects of various characteristics, but it should be noted that the means and s.d's are comparable.
The total walking distance was calculated from the speed and duration of continuous walking activities. Because we assumed that discontinuous walking activities were not aimed to a substantial displacement, it was logical not to include it in the total distance calculation. The inter-individual variability of average walking speed is rather low (10%), as compared to variability of duration (64%). Consequently, from the perspective of distinguishing differences among subjects about their amount of physical activity, it seems that duration evaluation plays a crucial role. In other words, the speed profile (Figure 2d ) is an indicator of instantaneous intensity of activity, while total duration is a surrogate of total amount of physical activity induced by locomotion. By combining both parameters, total distance can be considered as a surrogate of total EE related to walking.
Potential applications of the method Our method does not require the use of a specific accelerometer. The same approach could be used with other activity monitors recording raw activity profile (for instance Tritrac). The issue would be the calibration process and the short walking period detection, because activity monitors are often limited to one measurement per minute. We hope that in the future, the industry will develop versatile programmable activity monitors that not only include direct EE calculation but also raw data storage.
We think that the new approach presented here can be useful in two fields. First, in fundamental research or epidemiological studies, it could be interesting to track walking activities over 24 h, not only for evaluating physical activity, but also for recording free-living practices in a population or analyzing the walking patterns induced by different work or leisure activities. With regard to EE assessment, we believe that valuable results will be obtained when the slope problem is solved.
Second, in the field of obesity treatment 31 -34 it can be particularly useful to know how the patient follows prescribed exercises. By analyzing 24 h activity profiles (cf. Figure 2b or 2c) before the treatment, the exercises (walking) can be tailored to the lifestyle of the patient. During the treatment, profile analysis and assessment of total daily walking periods (Table 2 ) make possible an objective follow-up of the compliance of the subject. Furthermore, the LCD display of the SCAM device permits the patient to permanently monitor his=her own percentage of walking activity. As a result, the patients can voluntarily alter their lifestyle to reach a prescribed activity target.
Our study suggests that the uniaxial portable accelerometer, measuring the anteroposterior acceleration of the trunk, can accurately estimate the walking speed on level ground, either in laboratory or in free-living conditions. The accuracy of the assessment is greatly improved using an individual speed=acceleration calibration. Based on the acceleration=speed relationship, it was possible to retrieve the walking pattern during the day.
We can conclude that activity monitors using accelerometers are useful not only for total EE assessment, as shown in the past, 14 -16 but also for assessment of the daily activity patterns in humans.
